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Abstract: Continuous respiration monitoring is important for predicting a potential disease. Due to
respiration measurements using contact sensors, it is difficult to achieve continuous measurement
because the sensors are inconvenient to attach. In this study, a radar sensor was used for non-contact
respiration measurements. The radar sensor had a high precision and could even be used in the dark.
It could also be used continuously regardless of time and place. The radar sensor relied on the periodicity
of respiration to detect the respiration rate. A respiration adaptive interval was set and the respiration
rate was detected through harmonic quefrency selection. As a result, it was confirmed that there was
no difference between the respiratory rate measured using a respiration belt and the respiratory rate
detected using a radar sensor. Furthermore, case studies on changes in the radar position and about
measurement for long periods confirmed that the radar sensor could detect respiration rate continuously
regardless of the position and measurement duration.
Keywords: respiration rate; radar; quefrency
1. Introduction
Respiration is a bio-signal that is useful for monitoring patients and detecting a potential
disease. Therefore, it is essential to be able to track continuously and measure the respiration rate.
The continuous monitoring of respiration could serve as an early warning in high-risk situations.
Respiration can be measured using two types of methods: contact methods, in which there is an
instrument attached directly to a subject’s body, and non-contact methods, in which the instrument
is not attached. The contact methods include the use of a belt on the chest or abdomen to detect
body movement and the use of a nasal pressure transducer sensor to measure airflow [1,2]. Although
the contact method has the advantage of greater accuracy, it is difficult to use continuously due to
its inconvenience. Therefore, the development of various sensor technologies has occurred in many
studies on non-contact methods.
Radar, optical, and thermal sensors are the most commonly used kinds of sensors for non-contact
measurement [3]. In particular, with the recent development of the mobile environment, non-contact
sensors are capable of monitoring respiration in a variety of situations. In other words, it is now
possible to use non-contact sensors to detect and manage a variety of medical situations that could
occur in daily life, such as sleep apnea and respiratory failure [4]. Radar sensors use a technique by
which a distance is mapped using the time taken for a signal to reach an object, be reflected, and return
to the sensor. Moreover, because such sensors can obtain signals at low cost, using low power, and with
high precision, they could be used as substitutes for other sensors, such as cameras. Radar sensors, in
particular, have the major advantage that they can be used in dark places, such that they can be used
continuously, regardless of time and place [5].
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A radar sensor has a high degree of precision but is highly sensitive to the external environment.
Noise from the external environment can change the radar sensor output. Therefore, in previous
studies on radar sensors, multiple radars were used to correct the phase [6]. However, when using
multiple radars, it is necessary to detect their positions, which requires additional space and cost, and
complicates the computation process. In addition, to reduce the changes in phase, the signal is detected
using a spectrum analysis. However, even with this, it is still difficult to measure respiration precisely
due to phase noises and harmonics [7]. In particular, when respiration is measured in the mobile
environment, there can be a variety of noises caused by several environmental variables. To reduce
such noise, it is critical to calculate respiration using its unique and inherent characteristics.
The purpose of this study was to confirm the feasibility of measuring respiration rates using a
radar sensor. Normal breathing has a periodic pattern, and the respiration rate falls within a certain
range. Therefore, in this study, a respiration adaptive interval, showing unique characteristics of
respiration, was set to detect the respiration rate. Moreover, harmonic frequency selection that reflects
information about the respiratory cycle was done to detect the respiration rate. The respiration rate
was calculated using the proposed method was compared with the respiration rate measured from a




Sixteen adult males without any physical or mental conditions were chosen to be monitored
for this study (sex: male, age: 25.1 ± 1.3, body mass index (BMI): 22.54 ± 2.02, chest circumference
90.4 ± 4.9). The room dimension was approximately 10 m2. The distance between the radar sensor
and the subject was approximately 1 m. The radar signal was acquired using a radar module (LG
Innoteks, Seoul, Republic of Korea). The subjects, each of which had filled out a written consent form
prior to this study, had their respiration measured for 20 min. For the measurement, each subject was
requested to lie on a bed, and the respiration data were acquired from a radar at a sampling rate of
500 Hz. There were no additional people in the room during data acquisition. For comparison with
the respiration signals from the radar, each subject wore a respiration belt at chest level to provide a
measure of respiration that served as a ground truth signal. The belt used was a MP 150TM (BIOPAC
Systems, Inc., Goleta, CA, USA), which sampled at the rate of 500 Hz.
2.1.2. Case Studies
The radar sensor used for these non-contact measurements could also be applied as part of a mobile
system. Therefore, two case studies were performed to confirm the feasibility of using a radar sensor.
In the first case study, the purpose was to analyze the effectiveness of a radar sensor in relation
to its location. Using a radar sensor in a non-medical environment (such as a home) changes the
placement of the radar, depending on the person taking measurements and the space. The experimental
conditions were the same as in the previous experiments except one more radar was added. The new
radar was located to one side of the subject (within 1 m) and worked simultaneously with the default
radar to acquire data from 10 people.
The second case study was conducted to evaluate the respiration rate detection performance
over a long period. The radar sensor could be used for measurement over long intervals without any
inconvenience because this was a non-contact measurement. The experimental conditions were the
same as in the existing experiments. The data were acquired while a subject was sleeping to minimize
non-respiratory movement for a long time. Figure 1 shows the experimental setup. The default radar
was located above the subject and the second radar added for the case study was located beside the
subject. The respiration belt was attached at chest level.
Sensors 2020, 20, 1607 3 of 13





Figure 1. Experimental setup. 
2.2. Adaptive Harmonic Quefrency Selection 
To remove the noise and instability of the radar sensor and extract only respiration signals, a 
0.4-Hz low-pass filter (LPF) was designed to limit the signal bandwidth.  
Respiration can be expressed as a quasi-periodic signal, as given in Equation (1). The term 
𝑅𝑒𝑠𝑝(𝑡) is the respiration signal at time 𝑡, and 𝑇 is the cycle of a single breath. The period of each 
single breath is an unpredictable factor, therefore it is expressed as 𝜆𝑇. 
𝑅𝑒𝑠𝑝(𝑡) =  𝑅𝑒𝑠𝑝(𝑡 + 𝜆𝑇) (1) 
In this study, the acquired signal was processed into a 1-min epoch, as shown in Equations (2) 
and (3). Here, 𝑅(𝑛) is the number of radar-sensor signals measured during the 1-min epoch; 𝑟 is 
each sample obtained from the radar sensor; 𝛼(𝑛) is the total sample before 𝑛 minutes of processing, 
where 𝑛 is in units of minutes; and 𝑆𝑅 is the sampling rate in samples per second (500 Hz in this 
study). 
𝛼(𝑛) = 60 × 𝑆𝑅 × (𝑛 − 1) 
(2) 
 𝑅(𝑛) = [ 𝛼(𝑛) + 𝑟(1)     𝛼(𝑛) +  𝑟(2)    ⋯      𝛼(𝑛) + 𝑟(60 × 𝑆𝑅)] 
(3) 
Respiration is not perfectly periodic; rather it is quasi-periodic. Therefore, it has multiple 
harmonics for a respiration cycle 𝑇, and the cycle of a single breath changes continuously. In addition, 
when using the radar sensor, there are multiple frequency components due to environmental noise. 
To decompose the respiration signals intermingled with data from various noise sources, the radar 
sensor signals were converted into a frequency domain. After placing a hamming window on 𝑅(𝑛), 
a fast Fourier transform (FFT) was used to convert them to the frequency domain. From Equation (4), 
the respiration cycle was detected by extracting the highest cepstrum component in the respiration-
related frequency range. The term ℱ stands for the FFT and 𝐶𝑅 is the value of the inverse FFT of the 
radar sensor. This includes the cepstrum information [8,9]. 
𝐶𝑅 =  |ℱ
−1{𝑙𝑜𝑔(|ℱ{𝑅(𝑛)}|2)}|2 (4) 
Figure 2 shows the harmonic components of the respiration signal. Figure 2a shows quasi-
periodicity as the respiration signal in the time domain, whereas Figure 2b shows the harmonic 
components in the frequency domain of respiration. 
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2.2. Adaptive Harmonic Quefrency Selection
To remove the noise and instability of the radar sensor and extract only respiration signals, a 0.4-Hz
low-pass filter (LPF) was designed to limit the signal bandwidth.
Respiration can be expressed as a quasi-periodic signal, as given in Equation (1). The term Resp(t)
is the respiration signal at time t, and T is the cycle of a single breath. The period of each single breath
is an unpredictable factor, therefore it is expressed as λT.
Resp(t) = Resp(t + λT) (1)
In this study, the acquired signal was processed into a 1-min epoch, as shown in Equations (2)
and (3). Here, R(n) is the number of radar-sensor signals measured during the 1-min epoch; r is each
sample obtained from the radar sensor; α(n) is the total sample before n minutes of processing, where
n is in units of minutes; and SR is the sampling rate in samples per second (500 Hz in this study).
α(n) = 60× SR× (n− 1) (2)
R(n) = [α(n) + r(1) α(n) + r(2) · · · α(n) + r(60× SR)] (3)
Respiration is not perfectly periodic; rather it is quasi-periodic. Therefore, it has multiple
harmonics for a respiration cycle T, and the cycle of a single breath changes continuously. In addition,
when using the radar sensor, there are multiple frequency components due to environm ntal noise. To
decompose the respiration signals intermingled with data from various noise sources, the radar sensor
signals were converted into a frequency domain. After placing a hamming window on R(n), a fast
Fourier transform (FFT) was used to convert them to the frequency domain. From Equation (4), the
respiration cycle was detected by extracting the highest cepstrum component in the respiration-related
frequency range. The term F stands for the FFT and CR is the value of the inverse FFT of the radar
sensor. This includes the cepstrum information [8,9].
CR =
∣∣∣∣F −1{log(|F {R(n)}|2)}∣∣∣∣2 (4)
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Figure 2 shows the harmonic components of the respiration signal. Figure 2a shows quasi-periodicity
as the respiration signal in the time domain, whereas Figure 2b shows the harmonic components in the
frequency domain of respiration.Sensors 2020, 20, x FOR PEER REVIEW 4 of 14 
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Figure 2. Harmonic component of the respiration signal: (a) time domain of respiration and (b) frequency
domain of respiration.
The peak extracted from CR shows that the components of the harmonics were periodic. The fundamental
frequency is related to pitch and the frequency pitch can be estimated by using the quefrency at the
point where the peak appears [10,11]. This can be calculated using Equation (5), where the term
QFmax_peak represents he quefrency of the point t which the maximum p ak appears. In this study, to
s lect th ha onic quefrency, the qu frency domain for finding the maximum peak was limited to the
interval including the start point (S.P) and end point (E.P). If it is ass med that respiration usually
occurs within the range 5–24 times in one minute [12], S.P and E.P can be calculated using Equations (6)






S.P = SR/(24/60) + 1 (6)
E.P = SR/(5/60) (7)
Finally, the respiratory rate, R.R (min−1), was calculated using Equation (8) by including the pitch
extracted from the respiration domain.
R.R (min−1) = Pitch× 60 (8)
Figure 3 is an overview of the respiration rate detection method proposed in this study. The signal
data were obtained from the subject using both the respiration belt and the radar sensor. A window
without overlap was applied to the measured signal to calculate the respiration rate. The signals from
the respiration belt were used to evaluate both the algorithm and the radar sensor. The signals from
the radar sensor were processed using the 0.4-Hz LPF and then converted to the quefrency domain
using inverse FFT. The respiration rate was detected in the respiration adaptive domain using the
harmonic quefrency selection.
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2.3. Evaluation
2.3.1. Ground Truth
The respiration rate calculated from the respiration belt was used as ground truth for the evaluation
of the performance of the radar sensor (see Sections 3.2, 3.3 and 3.5). The respiration belt detects the
respiration rate through contact measurement of the subject. Therefore, using the respiration belt,
a respiratory waveform can be visually detected in the data without any pre-processing. The respiration
rate was calculated by counting the peaks from the respiration belt, which were used as the ground
truth. The threshold for detecting peaks in the respiration belt data was calculated using Equation (9).
The term RGnd(n) is the signal measured from the respiration belt. If the peak was larger than the
threshold, it was detected, and the peak was counted only when the interval between the peaks was
2.5 s or more.
Threshold = 0.8× (1/(max(RGnd(n)) −min(RGnd(n)))) (9)
2.3.2. Evaluation of the Respiration Rate Comparison
One purpose of this study was to detect the respiration rate while achieving similar performance
between the ground truth and radar sensor with adaptive harmonic quefrency selection (see Tables 1–3).
Therefore, comparison of the detected respiration rates was used as the evaluation parameter. The peaks
counted in the data coming from the respiration belt were used as the ground truth. When the difference
between the ground truth and suggested method was small, the accuracy in the detection of the
respiration rate was high.
2.3.3. Statistical Evaluation
Statistical evaluation was conducted to confirm the reliability of the result. A Bland–Altman plot was
used to evaluate the difference in the detected respiration rates of the ground truth and the proposed
method (see Figures 5, 6 and 9). A Bland–Altman plot is a single regression analysis that uses the
means of the estimated respiration rate and ground truth as independent variables, and the difference
between the estimated respiration rate and ground truth as a dependent variable. This shows the bias
of the measurement result based on the 95% confidence interval [13,14].
3. Results
3.1. Visual Inspection
Figure 4 shows the process of 1-min respiration rate detection using movement noises. The subjects
made intentional movements to allow for comparison of the difference in respiration rate according to
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such movements. In Figure 4, (a) is a case of respiration rate detection when there was no non-respiratory
movement; (b) is a case in which there was movement caused by occasional shaking of the body when
detection of the respiration rate was successful; and (c) is a case in which detection of the respiration
rate failed due to excessive noise, along with continuous body shaking. In Figure 4, the red line of the
radar shows a domain with high energy due to a great deal of movement. As the movement noise
increased in the power spectrum of the radar, the noise components increased such that the harmonic
frequency also affected the respiration adaptive domain. In addition, if the quefrency selection points
of the respiration belt and the radar were identified, they match when there was no or only a little
movement. Moreover, when there were many movements, the quefrency selection point changed. If the
noise signals were too strong, they also affected the respiration adaptive domain, and consequently,
there was a gain in harmonic components. This made it difficult to detect the respiration rate.
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Figure 4. Visual inspection results with movement noise: (a) respiration rate detection success without
movement, (b) respiration rate detection success with movement, and (c) respiration rate detection
failure with movement.
3.2. Radar-Based Respiration Rate Detection
In this study, the respiration rate measured using peak counting in the respiration belt data was
considered the ground truth. Table 1 shows the average respiration rate for each subject as measured
using the respiration belt and using the radar. When the respiration belt was considered the ground
truth, the difference in respiration rate was between 0 and 2 breaths per minute. There were some
errors due to the sensitivity of the sensor. The radar data shows no significant difference in respiration
rate detection performance compared to the data from the respiration belt, where the former was used
with adaptive harmonic quefrency selection. Bland–Altman analysis showed that the mean difference
ranged from 0.1 to 2.1 with an average bias of 0.6. The closer the mean difference was to 0, the smaller
the difference between the two sensors. The result shows a difference of less than one breath per
minute. Moreover, when the smallest confidence interval for the respiration rate was 1.3, the mean
difference was also the smallest (−0.1 for subjects 1 and 2). When the widest confidence interval for
the respiration rate was 4.70, the mean difference was −1.1, which was approximately one breath per
minute (subject 13).
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Table 1. Respiration rate result comparison between the respiration belt and radar.
No.
Respiration Rate Comparison Bland–Altman
Belt (Mean ± SD) Radar (Mean ± SD) Diff Mean Difference 95% Limits of Agreement
1 18 ± 0.2 18 ± 0.3 0 −0.1 1.30 (0.5 to −0.8)
2 18 ± 0.3 18 ± 0.3 0 −0.1 1.30 (0.5 to −0.8)
3 19 ± 0.3 19 ± 0.1 0 −0.1 1.30 (0.5 to −0.8)
4 20 ± 0.4 20 ± 0.3 0 0.1 2.36 (1.3 to −1.1)
5 20 ± 0.7 19 ± 0.3 1 −0.6 2.42 (0.6 to −1.8)
6 16 ± 0.2 15 ± 0.1 1 −1.3 2.30 (−0.1 to −2.4)
7 18 ± 0.3 16 ± 0.2 2 −1.4 1.98 (−0.4 to −2.4)
8 20 ± 0.5 18 ± 0.2 2 −1.5 3.14 (0.0 to −3.1)
9 21 ± 0.4 20 ± 0.5 1 −1.4 1.98 (−0.4 to −2.4)
10 19 ± 0.3 18 ± 0.5 1 −1.2 2.86 (0.3 to −2.6)
11 18 ± 0.5 16 ± 0.4 2 −2.1 3.24 (−0.4 to −3.7)
12 20 ± 0.5 20 ± 0.6 0 −0.2 3.26 (1.4 to −1.9)
13 19 ± 1.0 18 ± 1.0 1 −1.1 4.70 (1.3 to −3.4)
14 20 ± 0.6 19 ± 0.4 1 −0.9 3.06 (0.7 to −2.4)
15 20 ± 0.7 22 ± 0.9 2 1.8 2.86 (3.3 to 0.4)
16 20 ± 0.6 20 ± 0.8 0 0.2 3.72 (2.0 to −1.7)
Figure 5 shows the statistical results of the detected respiration rate from all subjects, where
(a) shows the correlation plot and (b) shows the Bland–Altman plot. The two sensors used for the
respiration rate detection showed a linear correlation. The Spearman rank-order correlation coefficient
was 0.77 (p < 0.001) and it shows a positive correlation between the ground truth and radar sensor
results. Moreover, the Bland–Altman plot indicates that the mean difference was 0.78, less than
one breath per minute, and that the respiration rate was mostly at the 95% limits of agreement.
The radar-sensor-estimated respiration rate could produce results ranging from a 1.1 breath/min
overestimation to 2.7 breath/min underestimation.
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Bland–Altman plot.
3.3. Comparison of Respiration Rates
The respiration rate was detected by applying oth r meth ds to the radar signal acquired during
t experiment. The other methods wer pe k coun ing and FFT-based spectrum peak extraction.
Peak counting is a method of counting the peaks of a pre-processed radar signal. For peak detection,
a threshold is calculated based on Equation (9). The FFT-based spectrum peak process transforms the
radar signal to the frequency domain to extract a spectrum peak. The maximum peak that occurs in the
frequency domain determines the respiration rate, assuming that the maximum peak of the frequency
is related to respiration.
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The respiration rate estimated using two different approaches (peak counting and FFT) were
respectively compared with the ground truth (see Table 1, Belt). Table 2 gives the respiration rates
using different approaches, the difference from the ground truth (Diff), and the Bland–Altman analysis
results for each compared method. In the table, M.D. means mean difference, and 2SD indicates the
95% limit of agreement. Using peak counting, the difference in the respiration rate per minute could
be as low as 0 and as high as 6. In addition, in the case of FFT-based spectrum peaks, the difference
in respiration rate per minute was at least 0 and at most 5. Both methods showed low performance
compared with adaptive harmonic quefrency selection. The Bland–Altman analysis showed that the
mean differences were 1.7 and −1.5 for peak counting and FFT, respectively. When adaptive harmonic
quefrency selection was used, the mean difference was close to 0. However, the other methods were
> 1. Moreover, their 95% limits of agreement were wider than for the newly proposed method. This
means that the respiration rates detected using the previous methods were not reliable. Therefore, the
results show that adaptive harmonic quefrency selection had the best performance compared with
those used in previous studies (see Table 1, Radar).
Table 2. Respiration rate results between peak counting or FFT and the ground truth.
No.
Respiration Rate Comparison Bland–Altman
Peak Counting FFT Peak Counting FFT
Mean ± SD Diff Mean ± SD Diff M.D. 2SD M.D. 2SD
1 19 ± 0.4 1 19 ± 0.3 1 0.7 1.94 (1.6 to −0.3) 0.9 1.30 (1.5 to 0.2)
2 19 ± 0.2 1 19 ± 0.3 1 1.1 0.96 (1.5 to 0.6) 0.9 1.30 (1.5 to 0.2)
3 19 ± 0.3 0 20 ± 0.3 1 0.2 1.54 (0.9 to −0.6) 0.5 2.02 (1.5 to −0.5)
4 21 ± 0.5 1 19 ± 1.0 1 1 3.40 (2.7 to −0.7) −0.9 4.90 (1.5 to −3.4)
5 22 ± 0.4 2 18 ± 2.9 2 2.4 3.66 (4.2 to 0.5) −1.7 9.58 (3.1 to −6.5)
6 22 ± 0.6 6 17 ± 0.1 1 5.7 2.38 (6.8 to 4.5) 0.3 1.94 (1.3 to −0.6)
7 22 ± 0.7 4 18 ± 0.2 0 4.5 3.94 (6.4 to 2.5) 0.1 2.74 (1.5 to −1.3)
8 19 ± 0.3 1 15 ± 2.6 5 −0.7 2.76 (0.7 to −2.0) −4.9 11.12 (0.6 to −10.5)
9 21 ± 0.4 0 17 ± 1.4 4 −0.4 1.98 (0.6 to −1.4) −4.1 5.96 (−1.1 to −7.0)
10 19 ± 0.8 0 17 ± 1.7 2 0.2 3.54 (2.0 to −1.5) −2.1 7.90 (1.9~−6.0)
11 19 ± 0.8 1 17 ± 0.8 1 0.5 2.02 (1.5 to −0.5) −0.8 3.98 (1.2 to −2.8)
12 22 ± 0.4 2 21 ± 1.4 1 1.9 2.58 (3.2 to 0.6) 0.8 5.58 (3.6 to −2.0)
13 22 ± 0.3 3 16 ± 2.8 3 3.2 5.58 (6.0 to 0.4) −3.2 13.18 (3.3 to −9.8)
14 22 ± 0.6 2 16 ± 2.3 4 1.9 2.74 (3.3 to 0.5) −4.2 8.22 (−0.1 to −8.3)
15 23 ± 0.3 3 18 ± 1.2 2 2.6 3.90 (4.6 to 0.7) −1.9 6.56 (1.3 to −5.2)
16 22 ± 1.0 2 16 ± 2.5 4 2.5 4.18 (4.6 to 0.4) −3.6 10.08 (1.4 to −8.7)
Figure 6 shows the statistical results of the detected respiration rate with other methods (peak
counting and FFT). Here, (a) is the correlation plot for peak counting, (b) is the Bland–Altman plot
for peak counting, (c) is the correlation plot for FFT, and (d) is the Bland–Altman plot for the FFT
results. For peak counting, the Spearman rank-order correlation coefficient was 0.21 (p < 0.001), which
means a weak correlation. For FFT, it was not statistically significant (p > 0.05). As shown in the
Bland–Altman plot, the bias of those methods was higher than that of the proposed method (average of
peak counting: 1.6; average of FFT:−1.5; average of the proposed method: 0.29). The confidence interval
of those methods also had a wider range than the proposed method did. The peak-counting-estimated
respiration rate could produce results ranging from a 5.3 breath/min overestimation to a 2.1 breath/min
underestimation. The FFT-estimated respiration rate could produce results ranging from a 3.8 breath/min
overestimation to a 6.7 breath/min underestimation.
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3.4. Radar Comparison
Table 3 is the result of the first case study. Radar 1 was the default radar and the radar 2 was the
new radar (see Section 2.1.2). The ground truth (G.T.) was also measured using a respiration belt with
peak counting. The respiration rate as detected using each radar ith adaptive harmonic quefrency
selection and they were respectively co pared ith the ground truth. Table 3 sho s the average
respiration rate of each subject easured using both radars and the ground truth. The difference in
the respiration rate was 0–1 breaths per in te for eac ra ar. It re eale t at eac ra ar sensor had
low sensitivity to position when adaptive r ic fr c s l cti s s . The Bland–Altman
analysis showed t t t e ts were reliable through the mean diff rence and 95% limits
of agreement. For r dar 1, the mean differ nce ranged from 0 to 0.5 breath/m n with an average of
−0.1 breath/min as a bias. For radar 2, the mean diff rence ranged from 0.1 to 0.8 breath/min with an
average of −0.2 breath/ i as a bias. s a iff re ce of less than one
breath per minute. The smallest confidence inter l f r . (s bject 6) and
1.30 (subject 9) for radars 1 and 2, respectively. i fi l f r t e respiration rate
were 2.40 (subject 2) and 3. f r radars 1 and 2, respectively.
Table 3. Respiration rate results between two radars and the ground truth.
No.
G.T.
Respiration Rate Comparison Bland–Altman
Radar 1 Radar 2 Radar 1 Radar 2
Mean ± SD Mean ± SD Diff Mean ± SD Diff M.D. 2SD M.D. 2SD
1 18 ± 0.2 18 ± 0.3 0 18 ± 0.3 0 0.2 1.54 (0.9 to −0.6) 0.5 2.02 (1.5 to −0.5)
2 18 ± 0.3 18 ± 0.4 0 18 ± 0.3 0 0 2.40 (1.2 to −1.2) 0.1 1.90 (1.1 to −0.8)
3 19 ± 0.2 19 ± 0.2 0 19 ± 0.1 0 0.2 2.08 (1.2 to −0.9) 0.2 2.20 (1.3 to −0.9)
4 20 ± 0.3 19 ± 0.3 1 20 ± 0.4 0 −0.3 2.30 (0.9 to −1.4) −0.1 1.68 (0.8 to −0.9)
5 18 ± 0.6 18 ± 0.7 0 19 ± 0.3 1 0.3 2.38 (1.5 to −0.8) 0.8 2.20 (1.9 to −0.3)
6 15 ± 0.2 15 ± 0.3 0 15 ± 0.3 0 −0.1 0.96 (0.4 to −0.5) 0.3 1.94 (1.3 to −0.6)
7 18 ± 0.2 18 ± 0.2 0 19 ± 0.3 1 −0.3 1.84 (0.6 to −1.2) 0.3 1.84 (1.2 to −0.6)
8 18 ± 0.2 18 ± 0.1 0 18 ± 0.3 0 −0.5 2.02 (0.5 to −1.5) −0.1 2.74 (1.3 to −1.5)
9 19 ± 0.3 19 ± 0.4 0 19 ± 0.3 0 0.3 1.84 (1.2 to −0.6) 0.1 1.30 (0.8 to −0.5)
10 18 ± 0.7 18 ± 0.5 0 18 ± 0.6 0 0.1 2.36 (1.3 to −1.1) 0.3 3.38 (2.0 to −1.3)
Figure 7 shows the statistical results of the detected respiration rate from the two radar sensors. In
Figure 7, (a) and (c) show the correlation plot of each radar sensor, and (b) and (d) show a Bland–Altman
plot of each radar sensor. The Spearman rank-order correlation coefficient of each radar sensor was
0.82 (p < 0.001) and 0.80 (p < 0.001) respectively. It shows that the ground truth and each radar
sensor produced positive correlations. Therefore, the respiration rate rarely changed due to the radar
positioning. The Bland–Altman plot indicated that the mean differences were 0 and 0.26, respectively,
less than one breath per minute. Furthermore, the respiration rate was mostly at the 95% limits of
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agreement. The radar-1-estimated respiration rate could produce results ranging from a 1.1 breath/min
overestimation to a 1.7 breath/min underestimation and the radar-2-estimated respiration rate could
produce results ranging from a 1.4 breath/min overestimation to a 0.9 breath/min underestimation.
Sensors 2020, 20, x FOR PEER REVIEW 10 of 14 
 













Figure 7 shows the statistical results of the detected respiration rate from the two radar sensors. 
In Figure 7, (a) and (c) show the correlation plot of each radar sensor, and (b) and (d) show a Bland–
Altman plot of each radar sensor. The Spearman rank-order correlation coefficient of each radar 
sensor was 0.82 (p < 0.001) and 0.80 (p < 0.001) respectively. It shows that the ground truth and each 
radar sensor produced positive correlations. Therefore, the respiration rate rarely changed due to the 
radar positioning. The Bland–Altman plot indicated that the mean differences were 0 and 0.26, 
respectively, less than one breath per minute. Furthermore, the respiration rate was mostly at the 95% 
limits of agreement. The radar-1-estimated respiration rate could produce results ranging from a 1.1 
breath/min overestimation to a 1.7 breath/min underestimation and the radar-2-estimated respiration 




Figure 7. Statistical evaluation of both radar sensors: (a) correlation plot for radar 1, (b) Bland–Altman 
plot for radar 1, (c) correlation plot for radar 2, and (d) Bland–Altman plot for radar 2. 
3.5. Respiration Rate Detection Over Long Periods 
Figure 8 shows the sleep data for about 8 h where the x-axis shows the duration (min). In Figure 
8, (a) shows the filtered data of the radar sensor, (b) and (c) show the respiration rates detected using 
each different sensor, (d) shows a comparison of the respiration rates, and (e) shows the energy 
extracted from the radar sensor. The energy extracted from the radar sensor was calculated using 






The red box (first column on the left side) contains severe noise due to continuous body shaking; 
as a result, the respiration rate detection failed. The yellow boxes show results when the body only 
occasionally moved. In the blue boxes, there was no non-respiratory movement and the respiration 
rates were more accurate than in the other sections. 
Figure 7. Statistical evaluation of both radar sensors: (a) correlation plot for radar 1, (b) Bland–Altman
plot for radar 1, (c) correlation plot for radar 2, and (d) Bland–Altman plot for radar 2.
3.5. e etection Over Long Periods
Fig r r t e x-axis sho s the duration (min). In Figure 8,
(a) shows the filtered data of the rad r sensor, (b) and (c) show the r spiration rates det cted using each
different sensor, (d) shows a comparison of the respiration r tes, and (e) shows t e energy extracted
from the radar sensor. The energy extracted from the radar sensor was calculated using Equation (10)







The red box (first column on the left side) contains severe noise due to continuous body shaking;
as a result, the respiration rate detection failed. The yellow b xes show results when the body only
occasionally moved. In the blue boxes, there was no non-respiratory movement and the respiration
rates were more accurate than in the other sections.
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Figure 8. Respiration rate detection over long periods: (a) radar signal, (b) respiration rate from the
respiration belt (ground truth), (c) respiration rate from the radar (proposed method), (d) comparison
of the respiration rates from the respiration belt and radar signals, and (e) movement energy. LPF:
Low-Pass Filter.
The larger the body movements, the higher their energy; as such, it was possible to estimate the
movement state using an energy graph. From the data obtained at the beginning and 30 min from the
end, the subject showed more movement at those times. Moreover, because of the body movements
during sleep, the energy data in such sections were higher than in other sections. Therefore, from
Figure 8, it can be seen that the respiration rate detected using the respiration belt was similar to that of
the rates detected using radar, except in the high-energy sections. This means that it was possible to
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detect a respiration rate, even over a long period, using the data acquired with a radar sensor (nearly
equivalent to the respiration belt results), if adaptive harmonic quefrency selection was applied.
Figure 9 shows the statistical result of the detected respiration rate over long periods with respect
to different levels of movement: (a)–(c) show the correlation plots and (d)–(f) show the Bland–Altman
plots. Without movement, the Spearman rank-order correlation coefficient was 0.87 (p < 0.001) and it
showed a strongly positive correlation between the ground truth and the radar sensor result (Figure 9a).
Also, the Bland–Altman plot indicated that the mean difference was −0.18 and that the respiration rate
was mostly at the 95% limits of agreement. The radar-sensor-estimated respiration rate could produce
results from a 1.1 breath/min overestimation to a 1.5 breath/min underestimation (Figure 9d). With
weak movement, the Spearman rank-order correlation coefficient was 0.43 (p < 0.05) and it showed a
weak correlation between the ground truth and the radar sensor result (Figure 9b). Furthermore, as
shown in the Bland–Altman plot, the mean difference was −1.5 but the 95% limit of agreement was
wide due to movement error (Figure 9e). With severe movement, the results were not statistically
significant (p > 0.05). As shown in the Bland–Altman plot, the mean difference was −3.0 and the 95%
limit of agreement was the widest (Figure 9f). As shown in Figure 9, when the movement occurred,
the detected respiration rate was not accurate.
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4. Discussion
In this study, radar sensors were used to measu e respirati n as a non-contact method. In addition,
adaptive harmonic quefrency selection was proposed to improve the results for of the detection of
respiration rates using signals acquired from radar sensors.
Respiration is a bio-signal that is directly related to an individual’s life. Clinicians predict clinical
events by observing changes in the respiration of a patient and use it to identify degrees of risk.
In particular, dyspnea is a common symptom in newborns and patients. Overall, 85% of dyspnea
cases occur during asthma, pneumonia, myocardial ischemia, and lung disease [15]. In addition, the
measurement of respiration is important because respiratory distress is induced by more than 30 diseases
in a variety of organs, including the heart [16,17]. Clinicians use a patient monitor or a sensor to monitor
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a patient’s respiration [1]. However, it is not possible to use typical contact respiration monitoring
methods to monitor patient respiration for follow-up once a patient has been discharged. Moreover,
contact respiration monitoring methods have other issues: it is difficult to place the sensors on the body
and to use them continuously [2]. Therefore, given these limitations, it would be important to develop
non-contact sensors that able to cope with the limitations of contact respiration monitoring methods.
A variety of sensors, such as radar, optical, and thermal sensors, are used to measure respiration
without direct contact [3,4]. Respiration is estimated based on movement (expansion and contraction)
of the lungs, which causes related movements of the exterior of the body. Radar sensors process
reflected signals rapidly enough to detect such motions. Because radar is very accurate for the detection
of object motion, it is outstanding at detecting respiration signals. Radar sensors have a high precision
but are also sensitive to noise. Therefore, depending on the method used to process the acquired
signals, the performance of the respiration rate detection varies. In particular, radar sensors respond to
movement via a change in the signal phase. To resolve this issue, several studies have been done on
the modeling of reflective signals from multiple radars and on spectral analysis [18]. In this study,
the respiration rate was estimated using the adaptive quefrency domain. The harmonic quefrency
selection of the fundamental frequency could be used to inversely estimate the respiration rates.
The respiration of each subject was monitored for 20 min to monitor continuous respiration, in
which the subject might have natural movements or a change in respiration rate. The acquired data
were verified by comparing the respiration rate obtained through the use of peak counting (with
adaptive harmonic quefrency selection) with the respiration rate obtained from the respiration belt as
the baseline. Moreover, the respiration rate obtained using the respiration belt was compared with that
of a radar sensor to evaluate the radar sensor’s respiration rate detection performance. As a result, it
was possible to confirm that respiration rate detection can be done in a stable manner by applying
adaptive harmonic quefrency selection to the signals obtained from the radar sensor. The non-contact
method of respiration monitoring will soon be supportable given the mobile environment of the near
future. Therefore, in this study, an additional experiment was done to check the sensitivity of the radar
sensor. Case studies were performed to confirm the feasibility of the usability of the radar sensor.
When the radar was located within 1 m of a subject, there was no significant difference. Furthermore,
the second case study showed that the detection of the respiration rate was feasible and relatively
accurate when movement did not occur. The proposed method used in this study failed to detect the
respiration rate when subjects moved substantially. Therefore, it must be determined how to cancel
signal noise due to substantial movements in a future study.
5. Conclusions
The most representative method of respiration rate measurement is the contact method using
a respiration belt, which is inconvenient to use. In this study, a radar sensor was used to detect the
respiration rate in a non-contact manner. Because the radar sensor was sensitive to external noise, the
accuracy of the respiration rate detection through peak counting was low even after pre-processing.
Therefore, the respiration rate was detected using harmonic quefrency selection in the respiration
adaptive domain. This was made possible using the nature of respiration signals. To verify the
superiority of the proposed method, the peak counting of the respiration belt and the adaptive
harmonic quefrency selection were compared to see whether there was any difference in performance
between the respiration belt and the radar sensor. There was none. Furthermore, case studies on
changes in the radar position and respiration measurement over extended periods also supported the
feasibility of the proposed method.
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